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Abstract

Real-world data streams, such as news articles and social media posts, are dynamic and nonstationary,
creating challenges for real-time structured representation via knowledge graphs, where relation
extraction is a key component. Continual relation extraction (CRE) addresses this setting by incremen-
tally learning new relations while preserving previously acquired knowledge. This work investigates
the use of pretrained language models for CRE, focusing on large language models (LLMs) and the
effectiveness of memory replay in mitigating forgetting. We evaluated decoder-only models and an
encoder-decoder model on TACRED and FewRel in English. Our results show that memory replay
is most beneficial for smaller instruction-tuned models (e.g., Flan-T5 Base) and base models such as
Llama2-7B-hf. In contrast, the remaining instruction-tuned models in this work do not benefit from
memory replay, yet some, like Mistral-7B, already achieve higher accuracies without it and surpass
prior methods. We further observed that Llama models in this work are more prone to hallucinations.
To the best of our knowledge, this work provides the first reproducible benchmarks for LLMs in CRE.
It offers a novel analysis of knowledge retention and hallucination behavior—dimensions that have
not been systematically studied in earlier research.

Keywords: memory replay; CRE; LLM

1. Introduction

Real-world data sources, such as news articles and social media posts, produce fast-changing
content streams that require real-time analysis. To support such an analysis, information must be
represented in structured formats, such as knowledge graphs (KGs) [1], which rely on information
extraction tasks, including entity recognition and relation extraction (RE) [2]. However, models
trained on stationary datasets struggle to identify new relation types as data distributions evolve.
In practical streaming scenarios, systems must be continuously updated to detect newly emerging
relations. Figure 1 illustrates this incremental paradigm, commonly referred to as continual learning,
in which a model learns new RE tasks over time and is evaluated on an expanding set of previously
seen relations. Continual relation extraction (CRE) aims to address this challenge by incrementally
identifying relations in dynamic environments.
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Figure 1. Illustration of incremental training for relation extraction tasks, with evaluation performed on test sets
from previously seen relations.

Continual learning (CL), also known as lifelong or incremental learning, was first established
in computer vision and later extended to natural language processing (NLP) tasks, such as RE [3].
A central challenge in CL is catastrophic forgetting, in which models lose their previously acquired
knowledge when trained on new tasks. Existing CRE methods mitigating the catastrophic forgetting
fall into three general categories: (i) architecture-based [4,5], (ii) memory replay-based [6,7], and
(iii) regularization-based that constrain model updates [4,8,9], as summarized in [10]. Among these,
memory replay has emerged as being particularly effective. Replay techniques, motivated by memory
consolidation mechanisms in neuroscience [11], typically use encoder models such as BERT [12] with
modules that store representative samples from previously learned tasks [10,13-15].

Large language models (LLMs) have recently achieved a strong performance across NLP tasks,
including entity recognition [16], question answering [17], and traditional RE [18]. Zhou et al. [19]
suggest that pretrained models may offer advantages in CL. However, their analysis is limited to
computer vision, and the behavior of LLMs in CRE remains unexplored. Although LLMs demonstrate
competitive RE performance even without task-specific fine-tuning [18], it is unclear how they retain
or transfer knowledge under incremental training. This raises the following research question: How do
LLMs influence knowledge transfer, particularly backward transfer, in continual relation extraction? Backward
knowledge transfer is a critical indicator of whether the performance of previously learned tasks
improves or declines [11].

To the best of our knowledge, this work presents the first reproducible benchmarks for LLMs in
CRE and provides practical insights into model stability and hallucination behavior. We focus on the
decoder-only and encoder-decoder models, which naturally support instruction-guided generative
relation prediction. Encoder-only models, such as BERT, require an additional classification head
and operate in a discriminative setting, which is incompatible with generative continual instruction
tuning. To examine whether memory replay benefits LLMs, as hypothesized by [19], we evaluate
decoder-only and encoder-decoder models (see Section 5.1.2) using K-means—based replay sampling
on TACRED [20] and FewRel [21].

The main findings of this work are:

e  Pretrained LLMs, such as Mistral [22], exhibit stable knowledge transfer, whereas smaller models
and base models benefit substantially from memory replay.

*  Memory replay is especially effective for models without instruction tuning and smaller encoder-
decoder models utilized in this work.

e Llama models [23] show a greater tendency to hallucinate undefined relation types than other
LLM architectures.

The contributions of this work are as follows:
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e To the best of our knowledge, we present the first systematic benchmarks evaluating LLM
behavior, specifically, knowledge transfer and error patterns, in CRE across multiple architectures
and datasets.

*  Weanalyze the effectiveness of memory replay in mitigating forgetting and identify model-specific
strengths and limitations.

*  We provide a comprehensive analysis of hallucinations, showing how LLMs generate undefined
relations in CRE and discussing the implications for KG updates.

The remainder of this paper is organized as follows. Section 2 reviews related work, and Section 3
introduces the preliminaries. Section 4 describes the methodology'. The experimental results are
presented in Section 5, followed by ablation studies in Section 6. We discuss the findings in Section 7,
conclude in Section 8, and outline limitations in Section 9.

2. Related Work

CRE leverages three different techniques to mitigate catastrophic forgetting: (i) memory re-
play-based, (ii) architecture-based, and (iii) regularization-based. In this section, we describe previous
works on catastrophic forgetting in CRE.

Memory replay-based methods use a memory buffer to store a limited number of samples, which
are replayed after training on each new task in the context of CL. Wang et al. [24] proposed a sentence
alignment model integrated with simple memory replay for incremental task relation extraction, in
a setting referred to as CRE. Building on this, Cui et al. [10] introduced a prototypical framework to
refine the sample embeddings stored in memory for replay alongside relational prototypes. Chen et
al. [14] addressed the catastrophic forgetting problem by employing a consistency learning module
designed to mitigate distributional shifts between old and new tasks in a few-shot CL. In addition,
Zhang et al. [13] proposed the Knowledge-Infused Prototypes framework, which leverages multi-head
scaled dot-product attention to integrate features derived from relational knowledge-infused prompts,
distinguishing it from other prototype-based methods. In contrast, Ye et al. [15] addressed the dual
challenges of limited labeled data and data imbalances. Their approach employed causal inference to
select and store memory samples for an effective few-shot CRE.

Regarding architecture-based methods, Duan et al. [5] proposed a zero-shot relation representation
method that uses instance prompting and prototype rectification to simultaneously refine relation
instances and prototype embeddings. Additionally, Chen et al. [4] introduced a three-phase learning
strategy—preliminary learning, memory retention, and memory consolidation—enhanced by linear
connectivity to balance plasticity and stability.

Regarding regularization-based methods, Shen et al. [9] proposed a dynamic feature regularization
approach that dynamically computes the loss during training to mitigate catastrophic forgetting.
Similarly, Jialan et al. [25] employed an LSTM architecture with backward projection to preserve
relation type classification space. In another work, Wu et al. [26] integrated contrastive learning with
a prompt-based BERT encoder to advance the few-shot CRE. In contrast to encoder-based methods,
Van et al. [8] proposed a gradient-based sequential multi-task approach for CRE that addresses multi-
objective training in CL without retraining the encoder.

Leveraging advancements in LLMs, recent efforts have explored their use in CRE. Tirsogoiu
et al. [27] evaluated generative models for relation type identification by comparing the clustering
performance across zero-, one-, and few-shot settings. Xiong et al. [28] proposed contrastive rational
learning to improve CL. Additionally, in the previous works, the most commonly used benchmark
datasets for CRE are TACRED [20] and FewRel [21].

In this work, we evaluate pretrained LLMs for task-incremental relation extraction using memory
replay and instruction tuning, assessing encoder-decoder and decoder-only LLMs (see Section 5.1.2)

1 Repository: https:/ /github.com/sefeoglu/CRE_PTM
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on the TACRED and FewRel datasets. Despite the fact that [27,28] utilize LLMs in either few-shot
settings or contrastive rationale learning, they do not employ any continual learning approach.

3. Preliminaries

Sections 3.1 and 3.2 present a formal definition of CRE and an overview of the pretrained language
models, respectively.

3.1. Continual Relation Extraction

CRE is a task that aims to continuously train a model on data containing new relation types,
preserving the knowledge of previously learned relations [6,7], as illustrated in Figure 1, and can be
formalized inspired by the definitions in [29] as follows:

A relation example is defined as a tuple:

x = (sentence, head, tail) 1)

where the sentence is a textual sequence consisting of multiple tokens, the head is the token(s) corre-
sponding to the head entity, and the tail is the token(s) corresponding to the tail entity. Furthermore,

Data Sequence = {Xy, Xq,..., X7} )

Relation Sequence = {Ro, Ry, ..., R} (3)
where X; contains the tuples for the relations R; at time t < T, and t indicates the time step.

3.2. Pretrained Language Models

Pretrained language models, typically trained to predict the next token autoregressively, are
categorized into three transformer-based architectures: (i) encoder-only, (ii) decoder-only, and (iii)
encoder-decoder [30].

*  Encoder-only models use a bidirectional transformer encoder to learn the contextual representa-
tions. One prominent example is BERT [12] and its variants.

¢  Decoder-only models employ autoregressive masking. Notable examples include Llama [23],
Mistral [31], and the GPT family [32].

*  Encoder-decoder models, encompassing both conventional sequence-to-sequence (seq2seq) and
unified architectures, include Flan-T5 [33] and BART [34].

In this work, we employ decoder-only and encoder-decoder architectures rather than encoder-only
models such as BERT, as our goal is to evaluate instruction-based generative relation prediction in
incremental task learning settings with memory replay.

4. Methodology

In this section, we present an approach used in this work, which integrates incremental task
instruction tuning of LLMs with a memory replay technique (see Section 4.1).

LLMs are tuned on instruction datasets constructed from the original datasets using an instruction
format, as described in Section 4.2.

4.1. Continual Learning with LLMs

This section describes how LLMs are continuously instruction-tuned on a stream of tasks
Ty, Ty, ..., Tx and how forgetting is mitigated through memory replay. The process begins by tuning

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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the model on the dataset for the initial task T7. After training on each task, a validation dataset is
used to optimize parameters, such as the learning rate, based on validation loss. This optimization is
repeated throughout the training (Lines 4-10 in Algorithm 1). Unlike our approach, Cui et al. [10] and
Zhao et al. [7] did not use any validation dataset during the optimization. Subsequently, a sampling
strategy selects samples from the training set. Later, it is trained on samples from a memory buffer
of previous tasks to preserve its performance on these tasks. Finally, the selected samples from the
current task are stored in the memory buffer. The model is then instruction-tuned for each subsequent
task. This continuous tuning process follows the steps outlined in Algorithm 1.

Algorithm 1 Incremental task instruction tuning with LLMs.

Require: Stream of tasks Ty, Ty, . . .; memory M @; an LLM fp; memory size m
Ensure: Trained relation classifier ﬁ;
1: while tasks remain do
2: Retrieve current task T > current task index k
3: Base training for epoch, epochs
4: for i < 1 to epoch, do
5

0+ 0—-1nVy E(fg, Dfra]-n) > 7: learning rate
6: Lya <+ E( fo. Déal) > compute validation loss on current task
7: if L, has not improved for p epochs then
8: RN > decay 7 (e.g., 0.1); no gradient updates on Ly,
9: end if
10: end for
11: My SELECTMEMORY( fo, Dfram, m) > K-means per relation; select representatives

12: Memory replay for epoch, epochs
13: for i <— 1 to epoch, do

14: 0+ 0—-7nVy £< fo. ]\71) > train on stored memory M
15: end for
16: M <~ MU M; > store samples from current task

17: end while

4.1.1. Memory Sample Selection

Memory replay [7,10] is one of the most effective strategies for mitigating catastrophic forgetting
during continual learning. Furthermore, sampling strategies play a crucial role in memory replay.
Uncertainty-based methods select the most complex samples by computing their uncertainty scores
during incremental learning [35]. However, replaying these complex samples during model training
can result in overfitting. In contrast, diversity-based approaches such as K-means select representative
samples [36]. Although a model that relies solely on diversity-based sampling may miss complex
samples, this strategy generally achieves better memory efficiency and general-purpose instruction
capabilities. Moreover, because LLMs depend heavily on sample diversity for robust performance, the
diversity-based approaches are particularly well-suited for LLM-focused memory replay.

K-means is a widely used method for selecting samples [7,10] and identifies the most representa-
tive samples from the cluster centroids. We also apply K-means to choose samples from the training
data Algorithm 1. To construct the clusters, we utilize the concatenation of sentence, head, and tail
vector representations in an instruction format (see further details in Section 4.2). This process uses
token-level contextual representations from either the encoder or decoder of the trained model, depend-
ing on the architecture of the LLM. Specifically, decoder-side vector representations are obtained from
the decoder’s last hidden states. In contrast, encoder embeddings are used in encoder-decoder models.
After receiving the token-level contextual representations, mean pooling and (2D) dimensionality
conversion are applied before clustering them per relation type with K-means.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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4.1.2. Incremental Instruction Tuning Algorithm

Algorithm 1 processes a stream of tasks and memory samples alongside the LLM fy. For each
k
train/

dataset, DX _., (Lines 4-10). The memory buffer (M) starts empty and is progressively populated with

vali
samples selected from Df .

After training fy on the current task (Lines 4-10), a set of memory samples, M, is selected

k
from D train

contextual representations of DX ., computed from either the encoder’s or decoder’s final hidden

incoming task, fy is incrementally trained on its training dataset, D and evaluated on its validation

to support the replay after learning each new task.
using K-means clustering, given a fixed memory size m. This selection uses token-level

states of the trained model fj in Lines 4-10.
Before storing the new selected samples M}, which correspond to cluster centroids (Line 16), the
memory samples from the previous task, M, are replayed (Lines 13-15).

4.2. Instruction Format

We adopt the instruction shown in Figure 2 from [37] to tune incremental task instructions. This
instruction highlights entity spans and employs conditional generation [38]. Each task is limited to its
predefined relation types in the instruction.

/ Sentence: Ahmed Rashid, a Pakistani journalist with whom Mullen consults regularly,
says that until Mullen became Joint Chiefs chairman, the U.S. military was reluctant to
confront Pakistani defense officials about their country's role in Afghanistan or to press
them for more aggressive action against the Taliban.

Question: What is the relation type between Ahmed Rashid and Pakistani entities in
the sentence according to given relationships?
Relation types: per:cities_of_residence, per:other_family, org:founded, per:origin.

Answer:
\J Y

Figure 2. An instruction example.

5. Evaluation

In this section, we first describe experimental settings in Section 5.1. Then, we present and discuss
our results in Section 5.2 and the knowledge transfer analysis in Section 5.3, based on the performance
metrics introduced in Section 5.1. We analyze false predictions in terms of predefined and undefined
relation types in Section 5.4.

5.1. Experimental Settings
5.1.1. Dataset

We evaluate the proposed approach on two benchmark datasets, TACRED [20] and FewRel [21],
which are widely utilized for CRE assessment. All experiments are conducted across five independent
runs, following prior works, and a memory sample size of 10 is employed to yield optimal perfor-
mance [7,10,13]. Independent sampling for each task is explicitly ensured, while the test sets remain
fixed during incremental LLM instruction tuning.

TACRED. Since the TACRED dataset is highly imbalanced, we follow the experimental settings of
prior works [7,10] and exclude no_relation labeled samples when constructing tasks. To mitigate data
imbalance, for each of the remaining relation types (41), we randomly sample (using random seed 42)
up to 320 sentences for training, 40 for validation, and 40 for testing within every task per relation type,
consistent with [7,10]. The models are incrementally trained on TACRED using a 10-task setup, where
each task contains four relation types (further details are provided in Appendix A).

FewRel. We also adopt the experimental setup from previous works [7,10] for FewRel. This dataset is
divided into 10 tasks, each containing eight relation types (see Appendix A for further details). For each
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relation type, 420 sentences are randomly sampled for training, 140 for validation, and 140 for testing,
using a random seed of 42.

5.1.2. Large Language Models

Five LLMs with distinct architectures are employed in this work. The instruction-tuned models
in the experiments are Flan-T5 Base (250M)?, Mistral-7B-Instruct-v0.2%, Llama-3.1-8B-Instruct*, and
Qwen2.5-7B-Instruct’, whereas Llama2-7B-hf° serves as a base (pretrained) model, meaning it was
not tuned on any instruction dataset. By comparing the more recent instruction-tuned Llama variant
with Llama2-7B-hf, we highlight the performance differences between them. In addition, Llama-3.1-
8B-Instruct and Qwen?2.5-7B-Instruct support multilingual capabilities and long-context processing,
whereas the other models do not. Encoder-only models, such as BERT, require an additional classifica-
tion head to map representations to a predefined relation set; therefore, they do not support generative
relation prediction, unlike generative LLMs, such as encoder-decoder and decoder-only models. In
this work, inference is evaluated using greedy decoding (default) across all experiments.

5.1.3. Parameter Settings

The parameter configurations described in this section correspond to the best-performing models
trained on an NVIDIA A100 GPU with 40 GB of memory. Note that less than 12 GB of GPU memory is
sufficient to evaluate these models on the test datasets. During training, quantized low rank adaptation
(QLoRA) [39] is used to reduce GPU memory requirements while optimizing the targeted modules of
the LLMs. To facilitate reproducibility, several models trained on FewRel are made publicly available
on Hugging Face”. The random seed is fixed at 42 across all experiments in PyTorch.

Model Parameters. The default configurations are used for the models, as indicated in their model
cards given in Section 5.1.2. The standard cross-entropy loss function is employed in all experiments
conducted in this work. Table A3 in Appendix C summarizes the training hyperparameters and
trainers. The AdamW optimizer is used with a cosine_with_restart learning rate schedule and patience
of one epoch. The dropout and weight decay are applied only to the LoRA adapter parameters, while
the model weights remain frozen without additional regularization.

LoRA Parameters. LoRA [40] is applied to 4-bit quantized pretrained LLMs (QLoRA [39]), while
optimizing the targeted modules of the LLMs. The LoRA rank parameters are selected based on the
available GPU memory (40 GB) and the respective model sizes. Table A4 in Appendix C summarizes
the LoRA parameters.

Hardware. All models were trained using an NVIDIA A100 GPU with 40 GB of memory. The available
disk storage is approximately 235.7 GB.

K-means Parameters. K-means selects the most representative samples from the centroids of the
relation clusters based on the memory sample size (10) of each relation type. The random state is set to
0, and the parameter njy;; is set to ‘auto’.

5.1.4. Evaluation Metrics

The performance of the proposed approach is evaluated based on the accuracy of the seen tasks
during incremental task learning (ITL), as illustrated in Figure 1. Additionally, we calculate the
following continual learning metrics:

Whole Accuracy. is computed from the resulting model at the end of the ITL process for all test data
across all tasks [20].

https:/ /huggingface.co/google/flan-t5-base, accessed on May 30, 2025

https:/ /huggingface.co/mistralai/Mistral-7B-Instruct-v0.2, accessed on May 30, 2025
https:/ /huggingface.co/meta-llama/Llama-3.1-8B-Instruct, accessed on November 2, 2025
https:/ /huggingface.co/Qwen/Qwen2.5-7B-Instruct, accessed on November 2, 2025
https:/ /huggingface.co/meta-llama/Llama-2-7b-hf, accessed on May 30, 2025

Models are available at https:/ /huggingface.co/collections/Sefika /llms-for-cre-6885311a7edcd3046cbb0429, accessed on
November 1, 2025.

N o Ul e W N
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Average Accuracy. is computed from the model trained on task k, evaluated on all test sets of tasks
seen up to stage k of the ITL process [20].
Backward Knowledge Transfer. quantifies the degree of forgetting in previously learned tasks after
learning new tasks [41]. This is an important indicator of whether backward knowledge transfer (BWT)
occurs [11]. To the best of our knowledge, no prior work on CRE has reported this metric [11]. BWT is
calculated as follows: N
1

BWT — m t:Zl(AN,t - At,t)

where Ay ; represents the test accuracy of the ¢-th task after sequential training for all N tasks.

5.2. Results

We evaluate five well-known LLMs—Flan-T5 Base, Llama2-7B-hf, Llama3.1-8B-Instruct, Qwen2.5-
7B-Instruct, and Mistral-7B-Instruct-v0.2—in incremental task learning (ITL) that utilizes memory
replay for CRE. All seen accuracy metrics in Table 1 represent the mean of five runs on two widely
used benchmark datasets, TACRED and FewRel, for an optimal memory size of 10, as indicated in
prior works [7,10,13,29].

Table 1. Seen task accuracy (in %) on TACRED and FewRel over ten sequential tasks. Tasks 1 to 10 are listed
in the order of their arrival. Bold values indicate the highest performance, while underlined values denote the
second-highest.

Task Index
Method 1 2 3 4 5 6 7 8 9 10
TACRED
EA-EMR [24] 47.1 40.1 38.3 29.9 284 27.3 26.9 25.8 229 19.8
CML [42] 57.2 51.4 41.3 39.3 35.9 28.9 27.3 26.9 24.8 23.4
EMAR-BERT [43] 96.6 85.7 81.0 78.6 73.9 72.3 71.7 722 72.6 71.0
RP-CRE [10] 97.6 90.6 86.1 82.4 79.8 77.2 75.1 73.7 724 724
ACA [44] 98.2 93.8 89.9 85.9 84.2 82.7 80.5 78.4 78.6 775
CRL[7] 97.7 93.2 89.8 84.7 84.1 81.3 80.2 79.1 79.0 78.0
KIP-Framework [13] 98.3 95.0 90.8 87.5 85.3 84.3 82.1 80.2 79.6 78.6
CEAR [45] 97.9 93.7 90.7 86.6 84.7 84.3 819 80.4 80.2 79.3
CREST [8] 97.3 914 823 825 79.2 75.8 78.8 774 78.6 794
DP-CRE [46] 97.8 93.8 91.5 87.5 85.7 84.2 82.9 81.3 81.5 80.7
Flan-T5 Base 96.1 +4.2 962+32 957411 960+1.0 957420 954417 96.0+09 96.0+13 963+09 958+1.6
Mistral-7B 96.6 + 6.1 953 +44 96.4 + 1.7 959+15 96.6 + 1.1 97.0 £ 1.2 96.8 + 1.3 96.9 + 1.0 95.8 £ 3.1 96.9 +£ 1.0
Llama2-7B 57.7 £9.9 576+75 549+76 558+63 576+46 620+45 624437 653+28 67.7+£23 70.6+29
Llama-3.1-8B 89.1 +£6.9 85.0+6.2 85.6 +=4.9 844 +6.8 85.1£5.5 839 +6.1 83.1+52 81.7+51 80074 787 +73
Qwen2.5-7B 93.0+55 920+34 912422 914+28 91.8+17 920+18 920+18 919+16 919+05 913+07
FewRel

EA-EMR [24] 88.5 69.0 59.1 54.2 47.8 46.1 43.1 40.7 38.6 35.1
CML [42] 912 74.8 68.2 58.2 53.7 50.4 47.8 44.4 43.1 39.7
EMAR-BERT [43] 98.8 89.1 89.5 85.7 83.6 84.8 79.3 80.0 77.1 73.8
RP-CRE [10] 97.9 92.7 91.6 89.2 884 86.8 85.1 84.1 822 81.5
KIP-Framework [13] 98.4 93.5 92.0 91.2 90.0 88.2 86.9 85.6 84.1 82.5
CRL [7] 98.2 94.6 92.5 90.5 89.4 87.9 86.9 85.6 84.5 83.1
CEAR [45] 98.3 95.6 93.5 92.0 90.8 89.3 88.0 86.8 85.6 84.0
ACA [44] 98.4 95.1 93.0 915 90.5 88.9 879 86.7 85.8 84.4
CREST [8] 98.7 93.6 93.8 923 91.0 89.9 87.6 86.7 86.0 84.8
DP-CRE [46] 98.5 95.4 93.7 92.1 90.9 89.4 88.5 87.4 86.3 85.1
Flan-T5 Base 96.7 £ 15 9484+10 951+19 9354+29 932+22 924+14 914+12 917+15 910+13 89.6+13
Mistral-7B 96.0 5.4 946+54 947+18 93.6+24 93.6+13 923+11 925+12 91.9+07 923+£27 914+07
Llama2-7B 154 £33 278+29 389+42 442433 521+35 574+19 622+14 677+04 694+11 713+11
Llama-3.1-8B 74.8 + 8.6 781+36 815+25 802444 821440 821437 821+33 812+20 81.5+18 8lL1+25
Qwen2.5-7B 831+102 839455 854+44 861+41 878+26 879+27 884+17 885+19 886+10 883+06

The ITL-based tuned Flan-T5 Base demonstrates strong performance, achieving a mean seen
task accuracy of 95.8% and 89.6% on TACRED and FewRel, respectively, as shown in Table 1. The
mean whole (w) and average accuracy (a) are 95.76% and 95.78% on TACRED, and 89.61% and 89.61%
on FewRel, respectively, in Table 2, indicating good performance on individual tasks with minimal
forgetting on TACRED. In addition to Flan-T5 Base, we also evaluate Mistral-7B’s performance on
these datasets. The mean seen task accuracies of the resulting models on TACRED and FewRel are
96.9% and 91.4%, respectively, at the end of ITL in Table 1, with mean w and a of 96.89% and 96.76%
for TACRED, and 94.93% and 94.93% for FewRel with this model in Table 2, respectively. Likewise,
Mistral-7B performs well on individual tasks with minimal catastrophic forgetting on TACRED when
w and a metrics are considered. Similarly, Qwen2.5-7B is another instruction-tuned model with 7B
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parameters. Qwen2.5-7B achieves mean seen accuracies of 91.3% and 88.3% for TACRED and FewRel,
respectively. The corresponding mean values of w and a are 91.27% and 91.38% on TACRED, and both
are 88.25% for FewRel. These results are consistent with the performance trends observed for Flan-T5
Base and Mistral-7B.

Furthermore, we evaluate Llama2-7B-hf in the ITL setting. In contrast to Flan-T5 Base, Mistral-7B,
and Qwen2.5-7B, it does not achieve remarkable results on either dataset, with a mean seen task
accuracy of 70.6% for TACRED and 71.3% for FewRel at the end of ITL (see Table 1). Similar to the seen
task accuracies, the mean w and a—71.17% and 70.86% on TACRED, and 71.29% for both metrics on
FewRel—are lower than those of the other models in Table 2, primarily due to hallucinating relation
types by Llama2-7B-hf, for example, invalid relation predictions (e.g., per:affiliate and per:columnist)
which are not within the predefined relations, explanation without any relation prediction or repetition
of the same tokens. The example in Appendix E demonstrates how Llama2 gradually adapts to the
instruction format, making correct predictions for the same test samples from the initial training to the
end of ITL. We further analyze these invalid predictions in Section 5.4. We also conduct experiments
with Llama-3.1-8B, an instruction-tuned model and a new version of Llama2-7B-hf. Llama-3.1-8B
achieves mean seen accuracies of 78.7% and 81.1% on TACRED and FewRel datasets, respectively,
indicating that it performs better on FewRel than on TACRED. The mean values of w and a are 78.74%
and 79.20% on TACRED, and both are 81.13% for FewRel. Previously, most LLMs evaluated in Table 1
demonstrated stronger performance on TACRED than on FewRel. Nevertheless, Llama-3.1-8B has a
larger parameter size than the other models considered, which may contribute to these differences in
performance.

Table 2. This table gives Mean Average Accuracy (a) and Whole Accuracy (w) on TACRED and FewRel across
five runs. Best results are in bold, and second-best are underlined. ‘- indicates missing values.

Method TACRED FewRel Average

w (%) a (%) | w(%) a (%) | w(%) a(%)
EA-EMR [24] 23.0 30.0 49.0 61.2 36.0 45.6
EMAR-BERT [43] 31.0 36.3 53.8 68.1 42.4 52.2
CML [42] 43.7 45.3 - - - -
KIP-Framework [13] 91.10 91.60 96.30 96.60 93.70 94.10
Flan-T5 Base 9576 £141 9578 4+1.35 | 89.61+1.19 89.61+1.19 | 9268 92.70
Mistral-7B 96.89 £0.87 96.76 £0.92 | 9493 +0.17 9493 4+0.17 | 9591 95.85
Llama2-7B 7117 +£2.60 70.86+3.22 | 71.29+1.18 7129+1.18 | 71.50 71.08
Llama-3.1-8B 7874+649 7920+622 | 81.13+225 81.13+225 | 7994 80.17
Qwen2.5-7B 9127 +0.65 91.38+£041 | 8825+054 8825+054 | 89.76 89.81

Consequently, the instruction-tuned LLMs demonstrate superior performance compared to the
base model, Llama2-7B-hf, across ITL. Even though Llama2’s performance has gradually increased
from 57.7% and 15.4% to 70.6% and 71.3% on TACRED and FewRel, respectively, it still does not reach
the levels of other models. This poor performance might be related to the fact that Llama2-7B-hf was
not previously tuned on any instruction dataset. Furthermore, even though it seems that Mistral’s
performance on both datasets is better than that of the other LLMs above, the permutation test results
in Table A7 in Appendix H state that there is no statistical difference between Flan-T5 Base and Mistral
on TACRED. In contrast, Mistral outperforms Flan-T5 Base only at the end of ITL on FewRel, according
to the statistical significance test results in Table A8 in Appendix H.

5.3. Knowledge Transfer

In this section, we evaluate how LLMs transfer the knowledge learned on TACRED and FewRel
across 10 tasks. [11] states that continual learning not only focuses on preventing forgetting but
also on adaptation and exploiting task similarity. Negative backward knowledge transfer (BWT)
indicates forgetting or a decline in earlier task performances at the end of ITL. In contrast, positive
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BWT indicates successful knowledge transfer and improves earlier task performances when ITL is
completed due to task similarity, with performance on previously learned tasks enhanced by ITL [11].
The BWT metric measures the extent to which a model improves or degrades the previously learned
task performance [11].

We illustrate how LLMs perform on an individual task, for example, Task 1 from TACRED and
FewRel, across ITL in Figures 3 and 4. Llama2-7B-hf exhibits positive BWT on both datasets, an
uncommon but valuable trait, suggesting that the model improves performance on earlier tasks after
learning a new one in Table 3 because of the task similarities. Another reason for this performance
improvement in Llama2-7B-hf is that it was not previously tuned on any instruction dataset. Thus, it
gradually adapts to instructions with similar task contexts during incremental task learning, indicating
that this positive BWT is a continued adaptation to the instruction format. Task context similarity
is a primary factor in task similarity-based knowledge transfer [11]. Likewise, Qwen2.5-7B-Instruct
demonstrates a positive BWT, indicating that performance on earlier tasks improves throughout ITL,
as shown in Table 3. In contrast to Llama2-7B-hf and Qwen2.5-7B-Instruct, Flan-T5 Base (250M)
exhibits a BWT of -7.31% and -0.42% for FewRel and TACRED, respectively, indicating that it struggles
with forgetting (Figures A8 and A9 in Appendix G). Additionally, Mistral-7B demonstrates a BWT of
0.76% on TACRED, although it slightly forgets previously learned knowledge with a BWT of -0.58%
on FewRel, as shown in Table 3 (see further details in Figures A10 and A1l in Appendix G). The
performance decline observed for Task 1 in Figure 3 with Mistral stems from the model’s performance
on Task 9, whose train and test sets include non-English terms (Appendix B). Similar to Flan-T5 Base
and Mistral-7B, Llama-3.1-8B also exhibits negative BWT values of —0.68% and —3.42% on FewRel
and TACRED, respectively.

Task 1 Test Set Accuracy across Incremental Learning
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Figure 3. At each stage, the model is evaluated on Task 1 test set while trained incrementally through Tasks 1-10

on TACRED.
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Figure 4. At each stage, the model is evaluated on Task 1 test set while trained incrementally through Tasks 1-10
on FewRel
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Table 3. Backward knowledge transfer across different models and datasets, reported in percentages.

Model ‘ FewRel (1) ‘ TACRED (1)
Flan-T5 Base (250M) —731+1.86 | —0.42£0.69
Mistral-7B-Instruct-v0.2 | —0.58 £0.15 0.76 + 0.84
Qwen2.5-7B-Instruct 1.25+ 097 0.53 £0.40
Llama2-7B-hf 2749 +1.92 | 10.07 +241
Llama-3.1-8B-Instruct —0.68+135 | —3.42+4+297

Furthermore, from the model perspective, even though Llama2-7B-hf’s positive BWT mainly
stems from being the base model before ITL, Qwen2.5-7B-Instruct also shows a positive BWT for both
datasets. In addition, Figures A8 and A9 in Appendix G demonstrate how Flan-T5’s performance
declined per task on FewRel and TACRED across ITL as evidence of Flan-T5 Base’s BWTs. Task
1 test accuracy on FewRel with Flan-T5 Base in Figure 4 has significantly dropped to 79.2% from
96.7. Despite Llama-3.1 having 8B parameters, it exhibits negative BWTs, whereas Qwen2.5 with 7B
parameters demonstrates positive BWT on both datasets. Therefore, parameter size alone does not
improve knowledge transfer; their architectures and training data may also impact their capabilities.

As a result, both Llama2-7B-hf and Qwen2.5 adapt well to instructions. They improve their
performance on previously learned tasks, whereas Flan-T5 Base and Llama-3.1 tend to suffer from
forgetting during ITL. In addition, Mistral demonstrates almost complete stability across ITL (Appendix
G).

5.4. Error Analysis

In this section, we analyze false predictions in the results given in Table 1, which may correspond
to either predefined relation types (e.g., valid but incorrect labels) or undefined relation types (e.g.,
hallucinations), owing to the next-token prediction mechanism employed by LLMs, which may lead
to the generation of undefined relation types. We present the percentages of all false predictions
with “Overall False” and the percentages of entirely new relation type predictions with “Undefined”
in Figures 5 and 6.

TACRED - Error Rates (%)

Mistral-7B - Undefined { 2.2 1.7 0.7 0.9 0.6 0.3 0.3 0.3 1.3 0.3
Mistral-7B - Overall False { 3.4 4.7 3.6 4.1 3.4 3.0 3.2 31 4.2 3.1 35
Flan-T5 Base - Undefined 4 0.4 0.8 0.5 0.2 0.3 0.4 0.3 0.3 0.3 0.3 30
Flan-T5 Base - Overall False 4 4.0 3.8 4.2 3.9 4.3 4.6 3.9 4.0 3.7 4.2 25
Llama2-7B - Undefined { 4.0 5.0 6.2 5.7 7.3 7.8 6.2 5.3 4.9 4.7 20 §
Llama2-7B - Overall False 15 g
Llama-3.1-8B - Undefined - 5.8 7.4 10 o
Llama-3.1-8B - Overall False 4 10.9 15.0 14.4 15.6 14.9 16.1 16.9 5
Qwen2.5-7B - Undefined 4 0.4 1.6 2.2 15 1.5 15 1.3 0
Qwen2.5-7B - Overall False {1 7.0 8.0 8.8 8.7 8.2 8.1 8.0
T T T T T T T T T T
1 2 3 4 5 6 7 8 9 10
Task Index

Figure 5. Heatmap visualization of the mean percentages of Undefined (hallucinated) and Overall False predictions across
incremental task learning for five LLMs on TACRED. Darker cells indicate higher error rates.
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FewRel - Error Rates (%)
Mistral-7B - Undefined 0.0 0.0 0.0 0.0 0.0 0.5 0.7 0.7 0.1 0.0
Mistral-7B - Overall False 4.0 5.4 5.3 6.4 6.4 7.7 7.5 8.1 7.7 8.7
Flan-T5 Base - Undefined 0.4 1.5 1.4 1.5 2.3 2.3 2.6 2.1 2.3 2.9 60
Flan-T5 Base - Overall False 3.0 5.5 5.5 6.6 7.0 7.5 8.8 8.4 9.3 10.4 50 °
Llama2-7B - Undefined b g . 6.5 4.8 3.7 3.1 . 2.1 14 40 g
Llama2-7B - Overall False 30.6 28.7 30 g
Llama-3.1-8B - Undefined 44 5.4 20
Llama-3.1-8B - Overall False 18.5 18.9 10
Qwen2.5-7B - Undefined 1.3 1.3 0
Qwen2.5-7B - Overall False 11.4 11.8
T T T T T T T T T T
1 2 3 4 5 6 7 8 9 10

Task Index

Figure 6. Heatmap visualization of the mean percentages of Undefined (hallucinated) and Overall False predictions across
incremental task learning for five LLMs on FewRel. Darker cells indicate higher error rates.

Regarding TACRED, Mistral-7B maintains a consistently low Undefined prediction rate (below
2.5%) and almost stable Overall False rates. Flan-T5 Base and Qwen2.5-7B similarly produce few
Undefined predictions (mostly around 2%), though Qwen2.5-7B displays slightly higher Overall False
rates. Llama2-7B-hf, lacking instruction tuning before ITL, shows the highest initial error rates, but
these decrease substantially across ITL, indicating adaptation (see Figure 7). In contrast, Llama-3.1-8B’s
Overall False and Undefined rates steadily increase over the tasks.

Llama2-7B-hf Hallucination on FewRel at the beginning of ITL (Task 1)

Instruction: The most prominent building in the street is Solvgade Barracks,
a large Baroque complex completed in 1771 to a design by the French
architect Micolas-Henri Jardin. What is the relation type between Selvgade
Barracks and Nicolas-Henri Jardin according to given relationships below in
the following sentence?

Relation types: followed by, architect, position_held, location, military_rank,

| LlamaZ2-7B-hf Hallucination on FewRel at the end of ITL (Task 10)

Instruction: The most prominent building in the street is Selvgade
Barracks, a large Barogue complex completed in 1771 to a design by the
French architect Nicolas-Henri Jardin. What is the relation type between
Solvgade Barracks and Nicolas-Henri Jardin according to given relationships
below in the following sentence?

Relation types: followed_by, architect, position_held, location, military_rank,

Figure 7. Sample relation prediction with Llama2-7B-hf on FewRel across incremental learning.

With respect to FewRel, Mistral-7B produces almost no Undefined predictions and shows a
gradual increase in Overall False rates. Flan-T5 Base similarly maintains low Undefined predictions
(generally approximately 2%) but exhibits higher Overall False rates. Llama2-7B-hf again exhibits the
highest initial error levels, although both Undefined and Overall False predictions decline substantially
across ITL. By contrast, Llama-3.1-8B-Instruct experiences increasing Undefined predictions over tasks
despite a reduction in Overall False predictions, suggesting a growing tendency to generate undefined
relation types. Qwen2.5-7B demonstrates consistent improvement, with both error types decreasing
and showing only minor fluctuations across tasks.

Furthermore, we conduct a permutation test on the Task 1 test set using Llama2-7B-hf tuned
on both Tasks 1 and 10 to determine whether the reduction in Undefined predictions is statistically
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significant, as shown in Table A5 (Appendix D). The decrease is significant for FewRel (p < 0.05) but
not for TACRED. These results confirm that Undefined relation types for the Task 1 test set decrease
significantly only for FewRel. We also categorize Undefined relation predictions into: (i) similar
context, (ii) part of ground-truth, (iii) new relation type, and (iv) a fine-grained version of ground-
truth in Table A6 in Appendix E. Predictions in the first, for example, leader for head of department,
and fourth, for instance, son for child, categories are semantically close to ground-truth and may be
considered for potential practical applications, such as knowledge graph updates.

As a result, Llama2-7B-hf significantly struggles with Overall False predictions more than the
others on both datasets, especially for earlier tasks, likely due to its lack of instruction tuning before
ITL. Llama-3.1-8B-Instruct also produces many false predictions in earlier tasks. Mistral-7B consistently
maintains low Undefined and Overall False rates across both datasets. Qwen2.5-7B’s trends depend
on the dataset, showing improvements in FewRel and more fluctuating behavior in TACRED.

6. Ablation Study

In this section, we first examine how different memory sizes affect the performance of continual
instruction tuning in Section 6.1. Next, since we analyzed Llama2-7B-hf’s tendency to produce
hallucinated predictions in Section 5.4, we investigate whether alternative sampling strategies can
mitigate test-time hallucinations in Section 6.2.

6.1. Memory Size Experiments

We examine how varying memory sample sizes (e.g., 5, 10, and 15) affect incremental task
tuning of LLMs on TACRED, as shown in Table 5. We choose these sample sizes rather than using a
percentage of the training dataset, as prior work on TACRED [7,10,13] did. We then conduct two-tailed
permutation tests® with 10,000 iterations and a random seed of 42 to assess whether memory size
significantly improves the final model performance at the end of ITL, as presented in Table 4. P-values
are computed based on the five accuracy scores obtained at the end of ITL after training the models on
Task 10.

Table 4. Permutation test (10,000 iterations) comparing No Replay with memory sizes of 5, 10, and 15 across five
LLMs. Significant results (p < 0.05) are shown in bold, and marginal results (p < 0.1) are underlined.

Comparison Mistral-7B  Flan-T5 Base Llama2-7B-hf Llama3.1 Qwen2.5
No Replay vs. 5 0.67 0.11 0.05 0.14 0.62
No Replay vs. 10 0.86 0.06 0.02 0.25 0.83
No Replay vs. 15 1.00 0.03 0.17 0.31 0.43

Memory replay improves the performance for Flan-T5 Base compared to the No Replay baseline,
as indicated by p-value <« = 0.1 and p-value <« = 0.05 for memory sizes 10 and 15, respectively
(see the FewRel comparison in Figure A12, Appendix I). In contrast, a memory size of 5 does not
significantly affect the performance, with a p-value of « = 0.11; however, this should be reevaluated
with a different number of iterations. Furthermore, memory replay with Mistral-7B, Llama3.1, and
Qwen2.5 does not improve performance compared to No Replay, as shown in Table 4. We also examine
whether memory size (with replay) affects Llama2-7B-hf performance. Memory replay has a significant
impact on the Llama2-7B-hf performance compared to the No Replay strategy when the memory size
is 5 or 10.

8 Results for different iteration counts are available at https://github.com/sefeoglu/CRE_PTM/tree/master/results/
permutation_test
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Table 5. Seen task accuracy (%) on TACRED for five large language models evaluated with different memory sizes.

Arrows indicate the change relative to the previous memory size (1 = increase, | = decrease, = = no change).
Task Index

Model Memory 1 2 3 4 5 6 7 8 9 10

NoReplay  96.1 9.5 95.5 95.7 95.3 944 935 94.1 94.0 9.7
Flan-T5 B 5 961(=) 96.1(}04) 952(10.3) 952(l05) 954(10.1) 94.6(102) 957(122) 962(121) 96.1(121) 952(12.5)
an-1oBase 1o 96.1(=) 96.2(10.1) 957(105) 960(10.8) 957(103) 954 (10.8) 96.1(104) 96.0(,02) 963(102) 95.8(10.6)
15 9.1(=) 958(104) 957(=) 9.0(=) 963(10.6) 963(109) 969(108) 967(107) 96.7(104) 963 (10.5)

NoReplay  96.6 948 9.3 96.2 9.4 96.6 9.6 96.9 9.8 9.8
Mistral7B  ® 96.6 (=) 952(104) 969(10.6) 967(105) 969(10.5) 97.2(10.6) 969(10.3) 97.1(102) 97.2(104) 97.0(102)
1stral 10 96.6(=) 953(10.1) 96.4(L05) 959(10.3) 96.6(,03) 97.0(102) 968(01) 969(=) 958(11.0) 96.9(|0.1)
15 9.6(=) 948(105) 952(112) 957(102) 965(10.1) 97.1(10.1) 972(104) 973(104) 968(11.0) 96.7(102)

NoReplay  57.7 52.8 527 523 54,0 57.0 57.8 60.1 62.9 62.4
Uama27Bhf 5 57.7(=) 59.2(164) 555(128) 559(13.6) 565(125) 60.6(136) 59.5(117) 624(123) 642(11.3) 665 (f4.1)
amaz-/B- 10 57.7(=) 57.6(J1.6) 549(L06) 55.8(,01) 576(111) 620(114) 624(129) 653(129) 67.7(13.5 70.6(1T41)
15 57.7(=) 60.3(127) 584 (13.5) 57.6(118) 572(104) 592(,28) 59.9(125) 61.3(14.0) 63.1(,46) 639(l67)

NoReplay  89.1 86.4 86.9 85.4 85.7 85.2 84.7 845 83.8 83.4
Llamas 18 > 89.1(=) 856(L07) 863(105) 854(L0.1) 852(,04) 837(,16) 829(,1.8) 814(130) 802(13.6) 79.1(l43)
amas. 2= 10 89.1(=) 850(L0.6) 856(07) 844(,1.0) 851(,01) 839(103) 831(10.1) 8L7(103) 80.0(}02) 787(l03)
15 89.1(=) 852(102) 862(10.6) 849(105) 845(L0.6) 831(L08) 822(L09) 81.3(104) 79.6(,04) 782(l05)

NoReplay  93.0 91.9 913 91.2 914 917 917 91.8 91.8 91.2
2578 93.0(=) 91.8(/0.2) 91.1(}02) 912(=) 91.6(10.1) 91.9(102) 920(103) 92.0(10.2) 91.9(10.2) 91.4(102)
Qwen2.5- 10 93.0(=) 92.0(103) 912(10.1) 91.4(102) 91.8(102) 92.0(10.1) 92.0(10.0) 91.9(10.1) 91.9(10.1) 913(,0.1)
15 93.0(=) 91.6(}04) 913(10.1) 91.3(}0.0) 917(L0.1) 91.9(L0.0) 922(10.1) 922(103) 922(10.3) 916 (10.3)

Non-incremental Training. We also tuned Flan-T5 and Mistral using the TACRED dataset without
downsampling. However, we excluded the no_relation labeled samples, as defined in Section 5.1.1.
The results on the same test dataset in Table 6 are nearly identical to the No Replay setting, as
shown in Table 5, demonstrating that memory replay improves the performance of Flan-T5 Base
on the TACRED dataset. However, there is no significant improvement in Mistral-7B-Instruct-v0.2
performance between No Replay and non-incremental training on the same dataset. We also evaluated
these models on the full test dataset partition, excluding no_relation labeled samples.

Table 6. Accuracies of Flan-T5 Base and Mistral-7B-Instruct-v0.2 under non-incremental training on the full

TACRED dataset.
Test Flan-T5 Base  Mistral-7B
same test set 92.07 97.21
full test set 97.65 98.37

Time Cost. We analyzed the time required to train each task without memory replay. For TACRED, the
base training times per task are approximately 4 minutes for Flan-T5 Base, 9 minutes for Llama2-7B-hf,
7 minutes for Mistral-7B, 4 minutes for Llama-3.1-8B, and 5 minutes for Qwen2.5-7B, respectively.
These durations become more significant when accumulated across all incremental tasks.”

6.2. Hallucination Reduction Approaches

We observe Llama2-7B-hf’s tendency to hallucinate predictions in Table 1 and Figures 5 and 6,
in which we aim to reduce hallucination rates by using sampling (decoding) methods [47], thereby
improving computational efficiency at test time. Because the results reported in Table 1 and Figures 5
and 6 are obtained using greedy decoding, which considers the most probable token, we also examine
alternative sampling strategies for test-time inference. We apply beam search (beam size = 5) and
nucleus sampling (top-p, with p = 0.9) to generate improved responses to the given instructions.
Nucleus sampling selects the smallest set of tokens whose cumulative probability is at least p and
samples only from that set [47]. In contrast, beam search considers the n most likely tokens, where n
indicates the beam size 17 [47].

Table 7 presents the results for Llama2-7B-hf on the Task 1 test set across five runs, corresponding
to five distinct task combinations. The mean accuracy achieved with the beam search is 43.27%,

9
10

Memory replay time costs are visualized in our repository: https://github.com/sefeoglu/CRE_PTM/tree/master/logs.
Practical implementation: https:/ /huggingface.co/blog/mlabonne/decoding-strategies, accessed on November 18, 2025.
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compared with 39.95% for nucleus sampling. For Llama2-7B-hf in Task 1, applying beam decoding
reduced the rate of Undefined predictions from 39.27% to 7.23%, indicating a substantial mitigation of
hallucinated relation outputs. Beam search outperforms nucleus sampling on the Llama2-7B-hf Task 1
test set. Although we applied these decoding strategies to the Task 1 test set with Llama2-7B-hf, these
results can be extended to other LLMs and may have similar trends. Alternative decoding strategies
might reduce the hallucination rates when Llama2-7B-hf is used.

Table 7. Accuracies and Undefined predictions of beam search and nucleus sampling (top-p) across multiple runs
on Llama2-7B-hf evaluated on the Task 1 test set.

Run | Beam | Nucleus (Top-p) | Diff (Beam - Nucleus)

| Acc (%) Undefined (%) | Acc (%) Undefined (%) | Acc (%) Undefined (%)
1 14.37 0.27 15.09 16.70 -2.50 -16.43
2 51.25 7.05 52.59 21.43 -1.34 -14.38
3 4991 18.75 51.07 26.79 -1.16 -8.04
4 57.05 2.68 49.20 11.43 7.85 -8.75
5 43.75 7.41 31.70 15.71 12.05 -8.30
Mean | 43.27 7.23 | 39.93 18.41 | 3.34 -11.18

7. Discussion

CRE has primarily focused on incremental task learning (ITL), yet existing approaches still
struggle to achieve effective forward knowledge transfer and often exhibit catastrophic forgetting.
Although memory replay can mitigate forgetting, it offers limited adaptability during ITL and does
not entirely prevent forgetting [10,24]. With recent advancements in LLMs, a central question arises:
How do LLMs influence knowledge transfer, particularly backward transfer, in continual relation extraction? To
examine this, we evaluated three model categories: (i) a non-instruction-tuned model (Llama2-7B-hf),
(ii) a smaller model (Flan-T5 Base, 250M), and (iii) instruction-tuned LLMs (Mistral-7B, Qwen2.5-7B,
Llama-3.1-8B) within ITL settings. In this section, we discuss their behavior, compare them with
state-of-the-art (SoTA) systems, and explore their potential for updating knowledge graphs (KGs).

Regarding knowledge transfer, Llama2-7B-hf gradually adapts to the instruction during ITL
and exhibits a positive backward knowledge transfer. Flan-T5 Base performs consistently well across
datasets, often matching the larger Mistral-7B model according to permutation tests (Tables A7 and A8).
Qwen2.5-7B also shows a positive backward knowledge transfer, likely due to task similarity [11],
whereas Llama-3.1-8B exhibits a negative backward knowledge transfer. Mistral-7B’s grouped-query
and sliding-window attention mechanisms'' [22] may contribute to more stable optimization and
reduce forgetting. Mistral’s relatively stable performance is evident from the task accuracies across
ITL shown in Figures A10 and A11 in Appendix G. In contrast, Flan-T5 exhibits noticeable forgetting
on earlier tasks—particularly Tasks 1 through 4 in FewRel—as depicted in Figure A8 in Appendix G.
Therefore, these figures in Appendix G highlight Mistral’s stability and the tendency of the Flan-T5
Base model to forget earlier tasks. Among the evaluated LLMs, Mistral-7B remains the most stable
overall, whereas Flan-T5 Base provides strong and reproducible performance at a substantially smaller
scale when used with memory replay.

Error analysis further reveals that Llama2-7B-hf on both datasets and Qwen2.5-7B on TACRED
reduce hallucinated relation types in earlier tasks at the end of ITL (Figures 3-6). In contrast, Flan-T5
Base produces more hallucinations when forgetting becomes severe (Table 3). Unlike traditional CRE
models that use classification heads, LLMs may generate relation labels that are not in the predefined
set, reflecting a distinctive generative error mode (Table A6). Although Llama2-7B-hf and Qwen2.5-7B

11 https:/ /mistral.ai/news/announcing-mistral-7b, accessed on November 18, 2025.
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mitigate such errors during ITL, they still trail Mistral-7B and Flan-T5 Base in final-task performance.
The decoding ablation in Table 7 shows that beam search and nucleus sampling reduce the number of
undefined outputs compared with greedy decoding for Llama2-7B-hf in Table 1.

Beyond error profiles, we next compare these models against SOTA CRE systems in Table 1.
Mistral-7B achieves strong performance on both datasets with minimal forgetting on FewRel and
matches or surpasses earlier approaches such as DP-CRE. KIP achieves the best results on FewRel
through prompt-based multi-head attention and memory replay, whereas our models outperform prior
memory-replay baselines using the same K-means sampler (CRL, RP-CRE, and EMAR-BERT). Despite
differing architectures, all evaluated LLMs outperform EMAR-BERT, underscoring the advantage of
pretrained generative models (LLMs). Moreover, increasing memory sizes or even removing replay
altogether still enables Mistral-7B, Flan-T5 Base, and Qwen2.5-7B to outperform previous methods
(Tables 1 and 5), reinforcing the benefit of pretrained initialization [19].

These models also acquire task-specific representations of the instruction during training, meaning
that the prediction quality can drop when inference-time prompts deviate from the learned pattern.
Improving robustness typically requires training with paraphrased instruction signals, but integrating
such instruction diversity is beyond the scope of our ITL setup.

For real-world KG construction, CRE supports incremental discovery of relation types during
text-to-KG generation. However, LLMs may output undefined relation types when such labels are not
explicitly included in the instructions. We mitigate this by enumerating task-specific relation types
directly in the instruction (Figure 2), enabling more controlled generation. Although Incremental
Class Learning (ICL) aligns with online KG updates, ITL yields higher factual stability in our setting,
particularly with smaller instruction-tuned models such as Flan-T5 Base or the inherently stable
Mistral-7B. However, owing to the risk of false predictions, neither ICL nor ITL should be used for
automatic KG expansion without dedicated fact-verification mechanisms [48].

Overall, initializing CRE with LLMs, rather than randomly initialized architectures with classifi-
cation heads, substantially improves the performance of the seen-task (Table 1). This work provides
the first systematic and reproducible benchmark of LLM behavior in CRE, offering practical insights
into their stability and applicability.

8. Conclusion

This work presents the first systematic and reproducible benchmark of LLMs for continual relation
extraction (CRE), highlighting stability and hallucination issues that have not been previously analyzed.
We evaluated five LLMs—Flan-T5 Base, Mistral-7B-Instruct-v0.2, Llama2-7B-hf, Llama3.1-8B-Instruct,
and Qwen2.5-7B-Instruct—on FewRel and TACRED benchmarks in English under incremental task
learning (ITL), focusing on knowledge transfer and catastrophic forgetting.

Mistral-7B shows slight forgetting on FewRel but achieves positive backward knowledge transfer
on TACRED and surpasses prior methods in seen-task accuracy. Flan-T5 Base still suffers substantial
forgetting despite memory replay. However, ablations confirm its effectiveness and identify optimal
memory configurations. Additionally, memory replay does not statistically improve Mistral-7B, Llama-
3.1-8B, or Qwen2.5-7B in TACRED, as these models already perform strongly without it. Llama2-7B-hf
consistently exhibits strong knowledge transfer, mainly owing to reduced false predictions and its non-
instruction-tuned nature. However, its overall performance remains below that of the instruction-tuned
models. Interestingly, Mistral-7B, Flan-T5 Base, and Qwen2.5-7B outperform previous approaches on
TACRED in terms of seen-task accuracy, even without memory replay.

These results provide practical guidance for the application of LLMs to CRE. Mistral-7B demon-
strates strong stability, whereas Flan-T5 Base offers reproducibility with limited GPU memory. Memory
replay benefits smaller instruction-tuned and base models (e.g., Flan-T5 Base and Llama2-7B-hf), but
not larger instruction-tuned models, which already achieve high performance without it. Our findings
also indicate that Llama-based models are more prone to hallucination, limiting their reliability for
CRE. Additionally, Mistral’s minimal tendency to hallucination might help to continuously update
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knowledge graphs, whereas Flan-T5 provides reproducibility with limited resources, as discussed
in Section 7. Neither of these models can be used directly to update knowledge graphs across any
domain without a fact-checking system.

Although our work is limited to five models, it offers initial, reproducible insights into LLM
behavior in CRE. A key challenge is hallucinated (undefined) predictions resulting from next-token
generation, with Llama2-7B-hf and Llama-3.1-8B showing the highest rates. Future work will extend
these benchmarks with newer models and multilingual benchmark datasets, and explore techniques
to reduce hallucinations, such as inference-time constraints and sampling, whose early results on
Llama2-7B-hf are promising (Section 6.2). In particular, we aim to mitigate hallucination on FewRel for
Llama2-7B-hf and Llama-3.1-8B using test-time computation methods [47], including beam search and
nucleus sampling, as shown in our preliminary experiments in Section 6.2.

9. Limitations

This work has the following limitations related to model coverage, computational constraints,
methodological, and ethical scope, which we outline below to clarify the boundaries of our findings:
Model and Dataset Scope.

*  Model Coverage. Our benchmark evaluates a set of representative open-source LLMs selected for
their architectural diversity and reproducibility. Although our core observations on knowledge
transfer, memory replay, and hallucination behavior are expected to generalize across model
families, they may not extend to substantially larger models or proprietary systems trained with
undisclosed data or objectives.

e Language and Dataset Limitations. All experiments were conducted on the English benchmark
datasets (TACRED and FewRel), reflecting the primary training domain of the evaluated LLMs.
Although the datasets contain a small number of multilingual examples (Appendix B), our
conclusions cannot be generalized to multilingual CRE. Extending the benchmark to multilingual
and low-resource settings with multilingual LLMs remains an essential topic for future work.

Computational Constraints.

¢  Memory Replay on FewRel. We did not perform memory-size ablations on FewRel due to its
substantially larger task sequence, which leads to rapid growth in the replay buffer. Nevertheless,
the No Replay vs. Memory Size (10) results shown in Figure A12 (Appendix I) clearly support the
findings obtained on TACRED with Flan-T5 Base, and memory replay improves the performance
of Flan-T5 Base on FewRel as well.

¢ Impact of Quantization (QLoRA). All models were tuned using a 4-bit QLoRA to ensure fea-
sibility across multiple runs. Although this guarantees fairness, it limits our ability to isolate
the effects of quantization on knowledge retention, catastrophic forgetting, and hallucination
rates. Prior benchmarks (e.g., [49]) indicate that QLoRA or LoRA can improve the performance
of models such as Llama2-7B-hf; however, evaluating these effects directly remains outside the
scope of this work.

Methodological Scope.

¢  Focus on Memory Replay. Our analysis focuses on memory replay as the primary strategy for CL.
A diversity-based memory sample selection algorithm, K-means, might miss complex samples.
Nonetheless, LLMs depend heavily on sample diversity for robust performance.

*  Generality of Findings. The observed trends—e.g., replay benefiting smaller or base models, or
instruction-tuned models showing limited improvement—are grounded in our empirical setting.

Ethical Scope.

e Real-World Application. Although experiments were performed locally using open-source
models, the ethical risks of deploying CRE systems remain unaddressed. Hallucinated relations
can propagate misinformation in real-world settings, particularly in domains such as healthcare
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and biodiversity. Additional safeguards, such as fact-checking and human oversight, are required
but beyond the scope of this work.

*  Bias in Models. This work does not assess potential biases in the LLMs or datasets. TACRED
and FewRel include entity mentions that may introduce demographic or contextual biases (e.g.,
gender, age). Since such biases can lead to uneven or skewed relation predictions, the fairness
implications of the models remain unexamined.

Opverall, this benchmark provides initial but reproducible insights into LLM behavior during continual
relation extraction.
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Appendix A. Dataset Statistics
Appendix A.1. FewRel

Table Al provides details of all the training, validation, and test sets for incremental task learning.
Each task has eight relation types, and the training, validation, and test sets are 420, 120, and 120,
respectively. The random seed is 42 for sampling, as stated in Section 5.1, and the task splits are
publicly available.'?

Table A1. Train, validation, and test set splits for the FewRel dataset.

Dataset \ Train Validation Test # of Relations

FewRel ‘33600 11200 11200 80

Appendix A.2. TACRED

This section presents detailed statistics for the TACRED dataset in Table A2. Because the TACRED
dataset is imbalanced, we applied downsampling at the relation type level. The random seed is 42 for
sampling as described in Section 5.1. The specific task splits and their ordering follow previous works
and are publicly available'? for reproducibility.

Table A2. Train, validation, and test set splits for incremental task learning on the TACRED dataset.

Dataset ‘Train Validation Test # of Relations
TACRED \ 7146 1452 1223 40

Appendix B. Languages in Datasets

This section presents samples of datasets in different languages, as detected by Python langdetect
in Figures A1 and A2.

12 FewRel task splits: https:/ /github.com/sefeoglu/CRE_PTM/blob/master/data/fewrel / fewrel10tasks.json
13 TACRED task splits: https:/ /github.com/sefeoglu/CRE_PTM/blob/master/data/tacred /experiments_task_splits/tacred_
tasks.json
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FewRel Non-English Samples
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Figure A1. Non-English languages in FewRel.
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Figure A2. Non-English languages in TACRED.

Appendix C. Parameters

The hyperparameters and LoRA parameters are presented in Tables A3 and A4, respectively.
Table A3 lists the model hyperparameters aligned with the base model and the model cards in footnotes
1-5. In Table A4, LoRA adapters are applied to the attention projection modules: key (k), query (q), value
(v), and output (o).

Table A3. Training hyperparameters used for TACRED and FewRel. EP, BS, and LR refer to epoch, batch size, and
learning rate, respectively.

TACRED FewRel
EP BS LR Trainer EP BS LR Trainer

Model

Flan-T5 Base 5 8 0.001 Seq2Seq 5 16 0.001 Seq2Seq
Mistral-7B 5 4 0.0002 SFT 5 8 0.0002 SFT
Llama2-7B 5 4 0.0002 SFT 5 8 0.0002 SFT
Llama-3.1-8B 5 4  0.0002 SFT 5 8 0.0002 SFT
Qwen25-7B 5 4 0.0002 SFT 5 8 0.0002 SFT

Table A4. Languages represented in the FewRel dataset.

Model LoRA, Rank LoRAgrpoutr Task Type
Flan-T5 Base 32 4 0.01 Seq2SeqLM
Mistral-7B 16 64 0.10 CausalLM
Llama2-7B 16 64 0.10 CausalLM
Llama-3.1-8B 16 64 0.10 CausalLM
Qwen2.5-7B 16 64 0.10 CausalLM
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Appendix D. Permutation Test for Undefined Predictions

As shown in Table A5, there was no statistically significant difference in the number of undefined
relation types between tasks 1 and 10 in the TACRED dataset with Llama2-7B-hf. This evaluation was
conducted on the test set for Task 1 to assess whether the drop was significant when the model was
trained for the final task (Task 10). By contrast, for the FewRel dataset, the reduction in undefined
relation types is statistically significant across multiple training iterations, with p-values below 0.05.
Random seeds were set to 42 for all experiments.

Table A5. Permutation test comparing Task 1 test set after training on Task 1 train and Task 10 train on Llama2-7B-
hf for hallucination evaluation.

. TACRED FewRel
Iteration
Diff (%) p-value Diff (%) p-value
100 2.40 0.2000 433.00 0.0300
1000 2.40 0.2510 433.00 0.0250
10000 2.40 0.2642 433.00 0.0305

Appendix E. Examples Predictions
Appendix E.1. Llama2 Hallucinations

The following hallucinated prediction was identified in the Task 1 test dataset, at the beginning of
the Llama2-7B-hf incremental tuning, and the projection was normalized at the end of training for the
same test sample, as shown below.

Llama2-7B-hf Hallucination on FewRel at the beginning of ITL (Task 1)

ﬂstruntinn: The Bush administration responded through Press Secretary \
Dana Perino, who said, Scott, we now know, is disgruntled about his

experience at the White House. What is the relation type between Dana
Perino and Press Secretary according to given relationships below in the
following sentence?
Relation types: followed_by, architect, position_held, location, military_rank,

_military _branch. crosses. record Jabel. . - - - o - - - o o - oo - - -
Answer: Explanation: In the given sentence, Dana Perino is the Press 1
Secretary and Dana Perino is disgruntled are both true. The guestion asks !
for the relation type between Dana Perino and Press Secretary. Testcase: !
Testcase 1: Dana Pering is the Press Secretary Test case 2! Dana Perino is :
disgruntled Explanation: Dana Perino is the Press Secretary and Dana

|
Qezin_ﬂ isdisgruntied are bothtrue...._ _ _ _ _ _ _ _ _ _ _ _ _____ j

- o o o

| Llama2-7B-hf Hallucination on FewRel at the end of ITL (Task 10) |

(— Instruction: The Bush administration responded through Press Secretary
Dana Perino, who said, Scoft, we now know, is disgruntled about his
experience at the White House. What is the relation type between Dana
Perino and Press Secretary according to given relationships below in the
following sentence?

Relation types: followed_by, architect, position_held, location, military_rank,
military_branch, crosses, record_label.

Figure A3. Sample prediction across incremental task learning with Llama2-7B-hf.
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Table A6. Examples of invalid relation predictions across different error categories.
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Appendix F. Confusion Matrices on FewRel Dataset

We also analyzed the performance of these language models on the FewRel dataset. Llama2-7B-hf

demonstrates comparable positive backward knowledge transfer on FewRel (see Figure 4)—while

reducing hallucinated predictions by the completion of ITL. This reduction is evident from the de-

crease in false predictions throughout ITL, as shown in Figures A4 and A5. In conclusion, language

models can generate hallucinated predictions when they fail to transfer previously learned knowledge.

Additionally, the number of hallucinated predictions decreased when backward knowledge transfer
occurred, as observed in Llama2-7B-hf.

Figure A4.

Confusion matrix for Task 1 test set
on FewRel with Llama2-7B-hf.
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Confusion matrix for the Task 1 test set after initial training on FewRel (run 1) with Llama2-7B-hf.

s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202601.0167.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 January 2026

22 of 29

Confusion matrix for Task 1 test set on FewRel
with Llama2-7B-hf at the end of Incremental Learning.
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Figure A5. Confusion matrix for the Task 1 test set at the end of incremental task learning in FewRel (run 1) with
Llama2-7B-hf.

Moreover, we illustrate Flan T5 Base’s behavior using a confusion matrix, which shows how
the test dataset for Task 1 performs during ITL. The Flan-T5 Base performs better on Task 1’s test
dataset after training on Task 1 train set (see Figure A6); however, it generates hallucinated prediction
responses that are not among the predefined relation types—when catastrophic forgetting occurs, as
shown in Figure A7. Note that the FewRel test dataset contained 140 samples per relation type. When
calculating the number of predictions in the confusion matrices below, we excluded the hallucination
statistics.

Confusion matrix for Task 1 test set
on FewRel with Flan-T5 Base.

140

architect

crosses

followed_by

location

military_branch

True label

military_rank

position_held

record_label

Predicted label

Figure A6. Confusion matrix for Task 1 in FewRel during incremental task learning (run 1) with Flan-T5 Base.
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Confusion matrix for Task 1 test set on FewRel
with Flan-T5 Base at the end of incremental learning.
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Figure A7. Confusion matrix for Task 10 in FewRel during incremental task learning (run 1) with Flan-T5 Base.

Appendix G. Accuracy Matrices

We provide accuracy matrices corresponding to the results in Table 1. The matrices shown
in Figures A8-A11 are consistent with the BWT results reported in Table 3. These figures illustrate
the Test accuracy of the corresponding task across task incremental training. Even though Flan-T5
achieves high accuracy on the Task 1 test set of FewRel at the beginning, its accuracy has since declined
to 79.2% from 96.7% (Figure A8). In contrast, Task 1 test set accuracy has slightly decreased to 94.6%
from 86.0% with Mistral in FewRel (Figure A10). However, for small datasets or fewer relation types
in the task of TACRED, Flan-T5 demonstrated less forgetting as shown in Figure A9, and Mistral is
still almost stable as given in Figure A11.

Accuracy Matrix (Train vs Task)
on FewRel with Flan-T5 Base

Train on Task Index
Accuracy (%)

80

5 6
Task

Figure A8. Accuracy matrix on FewRel with Flan-T5.
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Figure A9. Accuracy matrix on TACRED with Flan-T5.
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Figure A11. Accuracy matrix on TACRED with Mistral.

Appendix H. Permutation Test on Main Results

Tables A7 and A8 present the permutation test results comparing Mistral and Flan-T5 in Table 1
using a fixed random seed (42) and reporting 95% confidence intervals and p-values (10,000 shuffles)
over five runs with fixed task orders.

025 by the author(s). Distributed under a Creative Commons CC BY license.
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Table A7. Mistral vs. Flan-T5 across tasks. Values are mean scores over n=>5 runs (seed 42) with 95% confidence
intervals (CIs) and nonparametric permutation p-values (10,000 shuffles) on TACRED. Tasks are evaluated in a
fixed task order (1-10).

Task Mean (Flan-T5) Mean (Mistral) A (Mistral-Flan-T5)  95% CI [low, high]  p-value

1 0.961 0.966 0.005 [0.902, 0.992] 0.817
2 0.962 0.948 -0.014 [0.908, 0.976] 0.595
3 0.957 0.964 0.007 [0.951, 0.977] 0.405
4 0.960 0.960 -0.001 [0.947,0.970] 0.913
5 0.956 0.966 0.009 [0.957, 0.974] 0.468
6 0.954 0.970 0.016 [0.960, 0.979] 0.135
7 0.961 0.968 0.007 [0.958, 0.977] 0.357
8 0.960 0.969 0.009 [0.962, 0.977] 0.278
9 0.963 0.958 -0.005 [0.931, 0.977] 0.889
10 0.958 0.969 0.011 [0.962,0.977] 0.246

Table A8. Comparison of Mistral vs. Flan-T5 across tasks. Values are mean accuracies over n=>5 runs (seed = 42)
with 95% confidence intervals (CIs) and nonparametric permutation p-values (10,000 shuffles) on FewRel. Tasks
are evaluated in fixed task order (1-10). Significant results (p < 0.05) are in bold.

Task Mean (Flan-T5) Mean (Mistral) A (Mistral-Flan-T5) 95% CI [low, high]  p-value

1 0.967 0.960 -0.007 [0.910, 0.988] 0.937
2 0.945 0.946 0.002 [0.899, 0.983] 0.952
3 0.946 0.947 0.002 [0.919, 0.974] 0.929
4 0.934 0.936 0.002 [0.890, 0.970] 0.976
5 0.930 0.936 0.006 [0.907, 0.959] 0.722
6 0.925 0.923 -0.003 [0.905, 0.938] 0.841
7 0.912 0.925 0.013 [0.915, 0.934] 0.127
8 0.916 0.919 0.003 [0.914, 0.923] 0.714
9 0.907 0.923 0.016 [0.906, 0.950] 0.373
10 0.896 0.914 0.017 [0.912, 0.915] 0.024

Appendix I. No Replay vs Memory Replay on FewRel

No Replay vs Memory Size 10 on FewRel (Flan-T5)
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Figure A12. No Replay vs memory size 10 results with Flan-T5 Base on FewRel.
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